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NVIDIA PROFILING ON SUMMIT

NVPROF

VISUAL PROFILER

Command-line Data Gathering
Simple, high-level text output
Gather hardware metrics

Export data to other tools

Graphical display of nvprof data
“Big picture” analysis

Very good visualization of data
movement and kernel interactions

Best run locally from your machine




NVIDIA’S VISUAL PROFILER (NVVP)

=/ [0] Tesla K40c
[=] Context MPS (CUDA)
- MemCpy (HtoD) 111} i (i 111 (i (111
-7 MemCpy (DtoH) I I I I I I

H Compute . float const ... Stepl0_cuda ... Stepl0_cuda_kernel...
Step10 cuda k... Stepl0 cuda...
. float co " Stepl0_cu . Stepl0_cuda_kern
-5 100.0% SteplO c... i =
- Stepl0 cuda k.. Stepl0 cuda...

Streams

The first step in analyzing an individual kernel is to

ihiar e ey
“Stepl0_cuda_kernel is most likely limited by ocaltoads o Stall Reasons
compute, ;‘"T""ﬂ execution

ared Loads
Shmed Stors dependency
I i Global Loads
iy perform Compute Analysis i
The most likely bottleneck to performance for this kernel is Lirshared Total
compute so you should first perform compute analysis to
determine how it is limiting performance.

L2 Cache

Fmads 6339426 236.738 GBfs

wrtes 21414 1173 6ajs

A Total 6370840 | 2379128/ — 1 data
[, perform Latency Analysis ” n request

instruction
fetch

Texture Cache

|l Perform Memory Bandwidth Analysis |n--rn 240.886 Gaje

Device Memary
Instruction and memory latency and memory bandwidth are

likely not the primary performance bottlenecks for this e

7504 | 260228 MBls
lkernel, but you may still want to perform those analyses 1570138 | 56.635 GBS

[ PCle configuration: Gan3 x16. 8 Gbitts |
[ Rerun Analysis

3
4| 149375 kBjs

4 149378 kB
to update this analysis.

If you modify the kernel you need to rerun your application

0B ‘ synchronization




A SIMPLE EXAMPLE:
VECTOR ADDITION



CUDA Vector Addition

<stdio.h>
1048576

__global _ void add_vectors(int *a, int *b, int *c)({
int id = blockDim.x * blockIdx.x + threadIdx.x;
(id < N) c[id] = a[id] + b[id];
}

int main() {

size t bytes = N* (int) ;
int *A = (int*)malloc (bytes)
int *B = (int*)malloc (bytes) ;
int *C = (int*)malloc (bytes) ;

int *d_A, *d B, *d C;

cudaMalloc(&d_A, bytes);
cudaMalloc(&d_B, bytes);
cudaMalloc(&d_C, bytes);

(int i=0; i<N; i++){
A[i] = 1;
B[i] 2;

}

cudaMemcpy (d_A, A, bytes, cudaMemcpyHostToDevice) ;
cudaMemcpy (d_B, B, bytes, cudaMemcpyHostToDevice) ;

int thr_per blk = 256;
int blk_in grid = ceil( float(N) / thr_per blk );
add_vectors<<< blk_in grid, thr_per blk >>>(d A, d B, d C);

cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost) ;

free (a) ;
free (B) ;
free (C) ;
cudaFree (d_A) ;
cudaFree (d_B) ;
cudaFree (d_C) ;

0;
} 5 NVIDIA.



CUDA Vector Addition

#include <stdio.h>
#define N 1048576

__global _ void add_vectors(int *a, int *b, int *c)({
int id = blockDim.x * blockIdx.x + threadIdx.x;
(id < N) c[id] = a[id] + b[id];

Vector addition kernel (GPU)

int main () {

size t bytes = N* (int) ;
int *A = (int*)malloc (bytes)
int *B = (int*)malloc (bytes) ; Allocate memory on CPU
int *C = (int*)malloc (bytes) ;

int *d_A, *d B, *d C;

cudaMalloc(&d_A, bytes);
cudaMalloc(&d_B, bytes);
cudaMalloc(&d C, bytes);

Allocate memory on GPU

(int i=0; i<N; i++){
A[i] = 1;
B[i] 2;

}

Initialize arrays on CPU

cudaMemcpy (d_A, A, bytes, cudaMemcpyHostToDevice) ;
cudaMemcpy (d_B, B, bytes, cudaMemcpyHostToDevice) ;

Copy data from CPU to GPU

int thr_per blk = 256;
int blk_in grid = ceil( float(N) / thr_per blk );
add_vectors<<< blk_in grid, thr_per blk >>>(d_A, d B,

d_C);

Set configuration parameters and
launch kernel

cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost) ;

Copy data from GPU to CPU

free (a) ;
free (B) ;
free (C) ;
cudaFree (d_A) ;
cudaFree (d_B) ;
cudaFree (d_C) ;

Free memory on CPU and GPU

0;

6 <NVIDIA.



VECTOR ADDITION EXAMPLE

$ cd vector addition/cuda
S make

S bsub submit.lsf

From submit.ls£f:

Invoke the command line profiler

—s: Print summary of profiling results
(default unless -o is used)

—o: Export timeline file
(to be opened later in NVIDIA Visual Profiler)

%h: replace with hostname

(NOT specific to NVIDIA profilers)

${LSB_JOBID} holds the job ID assigned by LSF

jsrun -nl -cl -gl -al

nvprof -s -o vec_add cuda.${LSB JOBID}.%h.nvvp

./run

7 <NVIDIA.



VECTOR ADDITION EXAMPLE (NVPROF

From vec_add cuda.JOBID:

==174655== Profiling result:

RESULTS - TEXT ONLY)

Type Time (%) Time Calls Avg Min Max Name
GPU activities: 56.25% 463.36us 2 231.68us 229.66us 233.70us [CUDA memcpy HtoD]
41.59% 342.56us 1 342.56us 342.56us 342.56us [CUDA memcpy DtoH]
2.16% 17.824us 1 _17.824us 17.824us 17.824us add vectors (int*, dint*, 1
API calls: 99.35% 719.78ms 3 239.93ms 1.135Ims 717.50ms cudaMalloc
0.23% 1.639%ms 96 17.082us 224ns 670.1%us cuDeviceGetAttribute
0.17% 1.2559%9ms 3 418.64us 399.77us 454.40us cudaFree
0.16% 1.1646ms 3 388.18us 303.13us 550.07us cudaMemcpy
0.06% 412.85us 1 412.85us 412.85us 412.85us cuDeviceTotalMem
0.03% 182.11us 1 182.11us 182.11lus 182.11lus cuDeviceGetName
0.00% 32.391us 1 32.391lus 32.391us 32.391lus cudaLaunchKernel
0.00% 3.8960us 1 3.8960us 3.8960us 3.8960us cuDeviceGetPCIBusId
0.00% 2.2920us 3 764ns 492ns 1.1040us cuDeviceGetCount
0.00% 1.4090us 2 704ns 423ns 986bns cuDeviceGet

8

t*)

NVIDIA.



VECTOR ADDITION EXAMPLE - VISUAL
PROFILER

Now, transfer the .nvvp file from Ascent to your local machine to view in NVIDIA Visual Profiler.

From your local system:

S scp USERNAME(@loginl.ascent.ccs.ornl.gov:/path/to/file/remote /path/to/desired/location/local

9 NVIDIA.



VECTOR ADDITION EXAMPLE - VISUAL PROFILER

@ File->Import @ Select “Nvprof” then “Next >" Select “Single Process™
then “Next >"
@ NVIDIA Visual Profiler m View Window Help ® @ ® @
L . [ New Session 3N | Select Nvprof profile files
1 | Open... #0 l Import profile data generated by nvprof. Import profile data for a

Clone Session

Save Select an import source: © single process
Save As... Multiple processes
Save All

Command-line Profiler

&g Import... 3|

Import Profile Data for Single Process

@ Select one nvprof profile file containing timeline data and zero or more
addition nvprof profile files containing event and metric values.

Click “Browse" next to “Timeline data

file” to locate the .nvvp file on your local Timeline Options

system, then click “Finish”

Connection: Local o Manage connections...

Timeline data file: Browse...




VECTOR ADDITION EXAMPLE - VISUAL PROFILER

oyt

oom QIII the way

To zoom in on a specific region, hold Ctrl + left-click and drag mouse (Cmd for Mac)

Left-click the tfimeline and drag mouse to measure specific activities
J

A=A~

= =R BTG FORES NN | oo R ¥

NVIDIA Visual Profiler

/

§ "vec_add_cuda.h49n16.12095.nwp 3

=

]

805.1 ms J 805.2ms

|.9 ms 806 ms 805.3ms 805.4ms 805.5ms 805.6 ms 805.7 ms 805.8ms 805.9ms 806 ms 806.1 ms

[=| Precess "run" (174655)
|=| Thread 288656
L Runtime API
- Driver API

L Profiling Overhead

[0] Tesla V100-5XM2-16G
[=| Context 1 (CUDA)

cudaMemcpy

cudaMemcpy cudaMemcpy

L 5F MemCpy (HtoD)
L 5F MemCpy (DtoH)

Memcpy HtoD [sync]

Data Transfers

N\

=] Compute
L 5F 100.0% add_vect..

Memcpy DtoH [sync]
—

- Kernel Execution

Streams
L Default

\

Memcpy HtoD [sync] — Memcpy DtoH [sync]

GPU
activity

\

CUDA API activity from CPU process

11 <4 NVIDIA.




@ NVIDIA Visual Profiler

‘ *vec_add_cuda.h49n16.12095.nvwwp &3 e
|.Q ms 805 ms 805.1 ms 805.2ms 805.3ms 805.4ms 805.5 ms 805.6 ms 805.7 ms 805.8 ms 805.9ms 806 ms 806.1 ms

[~ Process "run" (174655)
|=| Thread 288656
- Runtime API
- Driver API
L Profiling Overhead
[=| [0] Tesla V100-SXM2-16GB
[=| Context 1 (CUDA)
L5 MemCpy (HtoD)
L 5F MemCpy (DtoH)

Memcpy HtoD [sync] Memcpy HtoD [sync]

Memcpy DtoH [sync]

=| Compute
// Copy data =7 and B to device arrays d_A and d_B
cudaMemcpy A, A_tEs, cudaMemcpyHostToDevice);
cudaMemcpy&e~8, B, bytes, cudaMemcpyHostToDevice);

// Set execution configuration parameters

! thr_per_blk: number of CUDA threads p
! blk_in_grid: number of blocks i
int thr_per_blk = 256;

int blk_in_grid ceil( flosg

// Launch kernel
add_vectors<<< blk_in_g thr_per_blk >>>(d_A, d_B, d_C);
// Copy data gm device array d_C to host array C
cudaMemcpyTC, d_C, bytes, cudaMemcpyDeviceToHost);

Type Time (%) Time Calls Avg Min Max Name
GPU activities: 56.25% 463.36us 2 231.68us 229.66us 233.70us [CUDA memcpy HtoD]
41.59% 342.56us 1 342.56us 342.56us 342.56us [CUDA memcpy DtoH]
2.16% 17.824us 1 17.824us 17.824us 17.824us add vectors(int*, int*, int¥)

12 <ANVIDIA.



VECTOR ADDITION EXAMPLE - VISUAL PROFILER

// Copy data from host arrays A and B to device arrays d_A and d_B

cudaMemcpy(d_A, A, bytes, cudaMemcpyHostToDevice);

% *vec_add_cuda.h49n16.12095.mwvp 52

.IQ ms BD§ ms 805'.1 ms 805.|2 ms
|=| Process "run" (1746855)
=| Thread 288656 CUDA API Call
= Ranme RPT —

cudaMemcpy(d_B, B, bytes, cudaMemcpyHostToDevice);

// Set execution configuration parameters

I thr_per_blk: number of CUDA threads per grid block
!/ blk_in_grid: number of blocks in grid

int thr_per_blk 256;

int blk_in_grid = ceil( float(N) / thr_per_blk );

// Launch kernel
add_vectors<<< blk_in_grid, thr_per_blk >>>(d_A, d_B, d_C);

// Copy data from device array d_C to host array C
cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost);

Details about the data transfer

L Driver API
Overhead

[=| [0] Tesla V100-58
[=] Context 1 (CUDA)

Actual Data Transfer

L 5F MemCpy (HtoD) Memcpy HtoD [sync]
L5F MemCpy (DtoH)
Compute
Streams
- =
£l Properties i3 i
Memepy HtoD [sync]
Start 805.016 ms (805,015,657...
End 8065.245 ms (B05,245,320...
Duration 229,663 us
Size 4,194 MB
- Throughput 18.263 GB/s
Stream Default
¥Memory Type
Source Pageable
Destination Device
—

13 <4 NVIDIA.



VECTOR ADDITION EXAMPLE - VISUAL PROFILER

§ *vec_add_cuda.h48n16.12095.nvwp &3

805.|54 ms 805.|55 ms 805.?6 ms 805.?? ms 805.?8 ms 805.
[=|] Process "run" (174655)
// Copy data from host arrays A and B to device arrays d_A and d_B [=| Thread 288656
cudaMemcpy(d_A, A, bytes, cudaMemcpyHostToDevice); = Runtime API cudalaunchKernel
cudaMemcpy(d_B, B, bytes, cudaMemcpyHostToDevice); = Driver API
g Overhead
// Set execution configuration parameters =/ [0] Tesla V100-SXM2-16GB
I thr_per_blk: number of CUDA threads per grid block El Context 1 (CUDA}
I blk_in_grid: number of blocks in grid v erCey[(HitoD)
int blk_in_grid = ceil( float(N) ~per_blk ); Es
// Launch kernel
add_vectors<<< blk_in_grid, thr_per_blk >>>(d_A, d_B, d_C); El Properties 52 = B
// Copy data from device array d_C to host array C add_vectors(int®, int*, int®*)
cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost); _ Queued nfa
Submitted nfa
Start 805.571 ms (B05,5670,598...
End 805.588 ms (B05,588,422...
Duration 17.824 us
Stream Default
Grid Size [40961,1]
Block Size [256,1,1]
Details about the kernel execution = Registers/Thread 16
Shared Memory/Block OB
Launch Type Mormal
¥Occupancy
Theoretical 100%
¥ Shared Memory Configuration
Shared Memory Executed 0B
Shared Memary Bank Size 4B

14 <A NVIDIA.



Multiple MP| Ranks

REDUNDANT MM



MULTIPLE MPI RANKS

Compile the code

$ make

Run the code

$ bsub submit.lsf

From subbmit.Isf

$q{OMPI_COMM WORLD RANK} (Replace with MPIRank)

jsrun -nl -c42 -g6 -a2 -bpacked:7 nvprof -o

mat mul.${LSB JOBID}.%h.

$q{OMPI_COMM WORLD RANK}|nvvp ./redundant mm 2048 100 |

sort
$ cat mat mul.12233

==127243== Generated result file:
/gpfs/wolf/stf007/scratch/td4p/nvidia profilers/redundant MM/mat mul.1223 .1 .nvvp
==127242== Generated result file:
/gpfs/wolf/stf007/scratch/td4p/nvidia profilers/redundant MM/mat mul.12233.h49n16%0.nvvp

(N = 2048) Max Total Time:
Rank 000, HWThread 008, GPU
Rank 001, HWThread 054, GPU

3.524076 Max GPU Time: 0.308476

0, Node h49nl6 - Total Time: 3.520249 GPU Time: 0.308134
1, Node h49nl6 - Total Time: 3.524076 GPU Time: 0.308476

16 <4 NVIDIA.



REDUNDANT MATRIX MULTIPLY - VISUAL PROFILER

@ File->Import @ Select “Nvprof” then “Next >" Select “Multiple Process™
then “Next >"
@ NVIDIA Visual Profiler m View Window Help ® @ ® @
@0 e . [¥New Session 3N | Select Nvprof profile files
- » J Open... #0 l Import profile data generated by nvprof. Import profile data for a

Clone Session

Save Select an import source: Sl
Save As... © Multiple processes
Save All

Command-line Profiler

23 Import... 3|

® ] Import Nvprof Data

Import Profile Data for Multiple Processes

@ Select nvprof profile files containing timeline data for multiple processes

Click “Browse" next to “Timeline data file” to W Timeline Options

locate the .nvvp files on your local system,

then click “Finish Connection: | Local H Manage connections...
NOTE: Here you select multiple files —~ The nvprof profile files:

Browse...




REDUNDANT MATRIX MULTIPLY - VISUAL PROFILER

§ *mat_mul.12234.h49n16.0.nvvp 32
Os

0.25s

05s 0.76s 1s

1.25s

1.6s 1.76s

2255 25s

3s

[=| Process "redundant_mm 20...
=] Thread 30848
L Runtime Al
- Driver API
L Profiling Overheai
[=] Process "redundant_mmM20...
[=] Thread 30
" Runtime AP
L Driver API
- Profiling Overhead
[= [01Tesla ¥100-SXM2-1
[=| Context 1-127645 (CUD
L 5F MemCpy (HtoD)
L SF MemCpy (DtoH)
Compute
Streams
[=] [1]1Tesla ¥100-SXM2-16GB
[=| Context 1-127646 (CUDA)
L 5F MemCpy (HtoD)
L SF MemCpy (DtoH)
Compute
Streams

cudaMalloc

2 MPI Processes

[______cudafree | cudaEventSynchronize ]
1
A IR0 OO

cudaEventSynchronize |l

18 <4 NVIDIA.



MULTIPLE MPI RANKS

Run the code From subbmit.|sf

S bsub submit named.lsf jsrun -nl -c42 -g6 -a2 -bpacked:7 \

- nvprof -s -o mat mul.${LSB JOBID}.%h.%q{OMPI_COMM WORLD RANK}.nvvp \
--context-name "MPI Rank %q{OMPI_COMM_WORLD_RANK}" \
/——process—name "MPI Rank %g{OMPI COMM WORLD RANK}" |./redundant mm 2048 100 | sort

Name the Process and CUDA Context

$ cat mat mul.12240

==144939== Generated result file:
/gpfs/wolf/stf007/scratch/t4p/nvidia profilers/redundant MM/mat mul.12240.h49nl16.0.nvvp
==144938== Generated result file:
/gpfs/wolf/stf007/scratch/t4p/nvidia profilers/redundant MM/mat mul.12240.h49nl6.1.nvvp

(N = 2048) Max Total Time: 3.634345 Max GPU Time: 0.311632

Rank 000, HWThread 024, GPU 0, Node h49nl6 - Total Time: 3.634345 GPU Time: 0.311632
Rank 001, HWThread 053, GPU 1, Node h49nl6 - Total Time: 3.622655 GPU Time: 0.310216

19 NVIDIA.



REDUNDANT MATRIX MULTIPLY - VISUAL PROFILER

§ *mat_mul.12240.h49n16.0.nvvp 22

0s 0.255 0.5s 0.75s 1s 1255 155 1755 2s 2255 255 2755 3s
= Process "MPI Rank 1" (1449...
[=| Thread 30948
* Runtime Al cudaMalloc | cudaFree cudaEventSynchronize |
= Driver API | 11— | [ ||
- Profiling Overhea m Il [0 IR S

[=| Process "MPI Rank 0"
[=] Thread 30&48
L Runtime AP
- Driver APL -\
L Profiling Overhead
[=| [0]1Tesla V100-5XM2-16GB
[=] Context MPI Rank 0 (CUDW)
Ly Memasf (HtoD)
L 57 MemCpy (BtoH)
Compute \
Streams \
[=| [1]1Tesla V100-5XM2-16GB
= Context MPI Rank 1 (CUDA)
L F MemC toD)
L SF MemCpy (Dtol
Compute
Streams

e —————— i st ————— i [ cudafree | cudaEventSynchronize I
M m |
m I (L LR R

9

2 MPI Processes, but now we can fell which is associated with
visual profiler sections

20 <ANVIDIA.



Multiple MPI Ranks (annotating with NVTX)

REDUNDANT MM NVTX



NVTX ANNOTATIONS

The NVIDIA Tools Extensions (NVTX) allow you to annotate the profile:
#include <nvToolsExt.h> // Link with -1lnvToolsExt
nvtxRangePushA (“timestep”) ;
timestep () ;

nvtxRangePop () ;

See for more
features, including V3 usage.

22 NVIDIA.


https://docs.nvidia.com/cuda/profiler-users-guide/index.html#nvtx

REDUNDANT MATMUL - VISUAL PROFILER + NVTX

#include <nvToolsExt.h>

// Color definitions for nvtx calls

#define CLR RED 0xFFFF0000
#define CLR BLUE 0xFFOOOOFF
#define CLR_GREEN 0xFF008000
#define CLR YELLOW OxFFFFFF00
#define CLR _CYAN OxXFFOOFFFF
#define CLR MAGENTA OxFFFFOOFF
#define CLR _GRAY 0xFF808080
#define CLR PURPLE OxFF800080

// Macro for calling nvtxRangePushEx

#define RANGE PUSH (range_title,range color)
nvtxEventAttributes_t eventAttrib = {0};
eventAttrib.version = NVTX VERSION;

eventAttrib.size = NVTX_EVENT ATTRIB_STRUCT SIZE;
NVTX_MESSAGE_TYPE ASCII;

eventAttrib.messageType =

eventAttrib.colorType = NVTX COLOR ARGB;
eventAttrib.color = range color;

eventAttrib.message.ascii

range_title;

nvtxRangePushEx (&eventAttrib) ;

// Macro for calling nvtxRangePop

#define RANGE POP {\
nvtxRangePop () ; \
}

{

P

RANGE_PUSH ("Initialize Arrays (CPU)", CLR_BLUE);

// Max size of random double
double max value = 10.0;

// Set A, B, and C
(int i=0; i<N; i++){

(int j=0; j<N; j++){

A[i*N + j]

B[i*N + j]

C[i*N + j]

0.0;

/ RANGE_POP;

And added the following NVIDIA Tools Extension library to the Makefile:

(double)rand () / (double) (RAND MAX/max_value) ;
(double)rand () / (double) (RAND MAX/max_value) ;

-1lnvToolsExt

23 <ANVIDIA.



RE

§ *mat_mul_nvtx.12243.h49n16.0.nvvp 52
Os

[=| Process "MPIRank 0" (1483...
[=| Thread 310816
- Runtime API
= Driver API | il
Markers and Ranges
L Profiling Overhead
[=] Process "MPI Rank 1" (1483...
[=| Thread 310816
- Runtime API

- Driver API
Markers and Ranges
- Profiling Overhead
[=| [0]1Tesla V100-5XM2-16GB
[=| Context MPI Rank O (CUDA)
L 5F MemCpy (HtoD)
L 5F MemCpy (DtoH)
Compute

Streams
[=] [1]1Tesla ¥100-SXM2-16GB

[=] Context MPI Rank 1 (CUDA)
L 57 MemCpy (HtoD)
L SF MemCpy (DtoH)
Compute
Streams

DUNDANT MATMUL - VISUAL PROFILER

O.ZISS 0.|5s 0.7:55 1|5 'I.ZISS 1.7‘)5 1.?'55 2.5 2.2‘55 2.|55 2.?'55 3.5
cudaMalloc | | cudafree | cudaEveniSynchronize [Jl
1 |
ocate arrays (CPU & GPU Initialize Arrays (CPU) CPU DGEMM : S Initializatio GPU DGEMM (loop_cou... | |
([] I— AT T T )
—1{_+ sl | \
|
Initialize Arrays (CPU) CPU DGEMM S Initializatio
(I I

Now we have a better (and fuller) mapping to what is
happening in our code.

24 <ANVIDIA.



Multiple MPI Ranks (Unified Memory)

REDUNDANT MM UM



REDUNDANT MATRIX MULTIPLY - VISUAL
PROFILER + UM + NVTX

RANGE_PUSH("Allocate CPU and UM arrays", CLR_YELLOW) ;

// Allocate memory for C_cpu on CPU
double *C_cpu = (double*)malloc (N*N* (double)) ;

// Allocate memory for A, B, C for use on both CPU and GPU
double *A, *B, *C;

cudaErrorCheck ( cudaMallocManaged (&A, N*N* (double)) ),
cudaErrorCheck ( cudaMallocManaged (&B, N*N* (double)) ),
cudaErrorCheck ( cudaMallocManaged (&C, N*N* (double)) ),
RANGE_POP;

// No explictit data transfer

// No explictit data transfer

required for arrays allocated with cudaMallocManaged

required for arrays allocated with cudaMallocManaged

Then use the common pointers on both CPU and GPU

26 <ANVIDIA.



REDUNDANT MATRIX MULTIPLY - VISUAL
PROFILER

Os 0.25s 0.5s 0.75s 1s 1.26s 1.6s 1.76s 2s 2.25s 25s 2.78s 3s 3255 35s
Process "MPI Rank 1" (67517)
|=| Process "MPI Rank 0" (67516)

= Thread 310560
L Runtime API
L Driver API
Markers and Ranges
L Profiling Overhead
[= Unified Memory
L 5F CPU Page Faults
=] [0]1Tesla V100-5XM2-16GB
[=| Unified Memory
L 5F Data Migration (DtoH)
L 5F GPU Page Faults
L 5 Data Migration (HtoD)
[=] Context MPI Rank 0 (CUDA)
L5 MemCpy (HteD)
= Compute
L 7 100.0% volta_dg...
=] Streams
- Stream 7
[11Tesla V100-SXM2-16GB

cudaMallocManaged [_________cudafree || cudaEventSynchronize [

| GPU DGEMM (loop_cou... |
MR T

CPU Page Faults —> i

D2H Data Migration = —>m
L1
"
R

m 1 [

CPU Page Faults > I
(initially, allocations are not backed by physical memory)

GPU Page Faults
H2D Data Migration

27 <ANVIDIA.



REDUNDANT MATRIX MULTIPLY - VISUAL
PROFILER

3.18s 3.2s 3.25s

3.35s 3.4s 3455 35s

Process "MPI Rank 1" (67517)
|=| Process "MPI Rank 0" (67516)
= Thread 310560

* Runtime API [I—

L Driver API
Markers and Ranges
L Profiling Overhead
[= Unified Memory
L 5F CPU Page Faults
[~ [0]1Tesla V100-5XM2-16GB
[=| Unified Memory
L 5 Data Migration (DtoH)
L 5F GPU Page Faults
L 5F Data Migration (HtoD)
[=] Context MPI Rank 0 (CUDA)
L SF MemCpy (HtoD)
= Compute
L T 100.0% volta_dg...
[=] Streams
- Stream 7
[11Tesla V100-SXM2-16GB

When data is needed on GPU (for the first GPU DGEMM),
GPU page faults trigger data migration from CPU to GPU.

cudaEventSynchronize I

GPU DGEMM (loop_count times) Check results

GPU Page Faults

Data Migration (HtoD) Data Migration (HtoD)

volta_dgemm_64x64_nn ———————
Volta_dgemm_6Ax64_nn —————————

volta_dgemm_64x64_nn ————————————

CPU Page Faults CPU Page Faults

Data Migration (DtoH) Data Migration (DtoH)

When datais needed on CPU (to compare CPU/GPU results),
CPU page faults trigger data migration from GPU to CPU.
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REDUNDANT MATRIX MULTIPLY - VISUAL

PROFILER

3.13s 3145 3.156s

3.17s

3.18s 3.19s

3.22s

Process "MPIRank 1" (87517)
=] Process "MPI Rank 0" (67516)
[=| Thread 310560

" Runtine AP ———— |

L Driver API
Markers and Ranges
L Profiling Overhead
=] Unified Memory
L 5F CPU Page Faults
=] [0] Tesla V100-5XM2-16GB
[=] Unified Memory
L 5F Data Migration (DtoH)
L %F GPU Page Faults
L 5F Data Migration (HtoD)
[=] Context MPI Rank O (CUDA)
L 5F MemCpy (HtoD)
[=| Compute
L 5 100.0% volta_dg...
[=] Streams
L Stream 7
[1]Tesla V100-SXM2-16GB

VR [instrume._. | |

GPU Page Faults
Data Migration (HtoD) Data Migration (HtoD)

volta_dgemm_64x64_nn
volta_dgemm_64x64_nn

volta_dgemm_64x64_nn

1olta_...
1olta_...

volta_...
volta_...

volta_...
volta_...

.. volta_...

volta_...
volta_...

volita,

volta_...
volta_...

volita_...

volta_...
volta_...

volta_...

volta_...
volta_...

volta,

volta...
volta...

volta...

volta... volta... volta...
volta... volta... volta...

volta... volta... volta...

The time for the 15t GPU DGEMM is increased due to page faults and data migration, while subsequent calls are not

since data is already on the GPU
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REDUNDANT MATMUL - VISUAL PROFILER

3.13s 3.1I4s 3.1|55 3.1‘65 3.1I?5 3.1|85 3.1|95 3.2s 3.21s 3.2‘25
'

Process "MPIRank 1" (67517)
[=| Process "MPI Rank 0" (67516)
[=| Thread 310560
- Runtime API
- Driver API
Markers and Ranges
= Profiling Overhead " 11
[=] Unified Memory
L SF CPU Page Faults
(=] [0] Tesla V100-5XM2-16GB
[=| Unified Memory
L 5F Data Migration (DtoH)

L 5F GPU Page Faults GPU Page Faults
L SF Data Migration (HtoD) Gro U ps Of Data Migration (HtoD) Data Migration (HtoD)

[=] Context MP1 Rank O (CUDA) O e fO UH.S
L SF MemCpy (HtoD) p g .
[=| Compute for G g|Ven volta_dgemm_b4xe4d_nn volta_... volta_... volta_... volta_... volta_... volta_... volta_... volta... volfa... volia... volfa...
L 100.0% volta_dg... 1'|me period volta_dgemm_64x64_nn volta_... volta_... volta_.. volta_... volta_.. wvolta_.. volta_... volta... volta.. volta... volta...
[=| Streams
L Stream 7 | volta_dgemm_64x64_nn volta_... volta_... volta_... volta_.. volta_.. volta_.. volta_... volta.. volta... volta.. volta...
[1]Tesla V100-5XM2-16GB
£l Properties 23 =g =1 Properties 532 =g
GPU Page Fault groups Data Migration (HtoD)
The segment mode is used for this timeline. In this mode the timeline is split into equal width segments and The segment mode is used for this timeline. In this mode the timeline is split into equal width segments and
only aggregated data values for each time segment are shown. only aggregated data values for each time segment are shown.
Start 3.139 5(3,138,706,395 ns) Start 3.139 5 (3,138,706,395 ns)
End 3.175s(3,174,783,480 ns) End 3.175s(3,174,783,480 ns)
Duration 36.077 ms (36,077,085 ns) Duration 36.077 ms (36,077,085 ns)
Virtual Address Range 0x200080000000 - 0x20... Size 65.012 MB
GPU Page Faults 14022 ¥ Throughput
Fault groups 105 Min 18.124 GBfs
Duration of GPU page faults 26.821 ms Max 41.98 GBfs
Process 67516 Virtual Address Range 0x200080000000 - 0x20...
Duration of HtoD data migrations 2.305 ms
Process 67516
The time taken to resolve GPU page faults within the segment The time taken for data migrations from host to device within the segment
B o-10% [0-3.608ms] I o0-10% [0-3.608ms)

I 0-20% [3.608ms-7.215ms] B 0-20% [3.608ms-7.215 ms]
I o 30% (7.215ms - 10.823 ms) I :0-30% [7.215ms - 10.823 ms)
B 30-40% [10.823 ms- 14.431 ms] I :0-40% [10.823 ms- 14.431 ms)
I 20-50% [14.431 ms - 18.039 ms) P 20-50% [14.431 ms- 18.039 ms]
50-60% [18.039 ms - 21.646 ms] 50-60% [18.039 ms - 21.646 ms)
60-70% [21.646 ms - 25.254 ms) 60-70% [21.646 ms - 25.254 ms]
70-80% [25.254 ms - 28.862 ms] 70-80% [25.254 ms - 28.862 ms]
I 50-90% [28.862 ms - 32.469 ms) I 50-90% [28.862 ms - 32.469 ms) 30 @2 NVIDIA.
I 00-100% [ >32.468 ms] I 50-100% [>32.460 ms]




KERNEL ANALYSIS - GATHERING DETAILS
REMOTELY

Gather a timeline for a short run.

$ jsrun --smpiargs="none" -nl -cl -gl -al nvprof -fo
single gpu data. .nvprof ./run

Gather matching “analysis metrics” (Runtime will explode due to each kernel
being replayed multiple times.

$ Jsrun --smpiargs="none" -nl -cl -gl -al nvprof --analysis-metrics -fo
single gpu data. .nvprof ./run

If you cannot shorten your run any longer, it’s possible to use the --kernels option
to only replay some kernels, but guided analysis may not work as well.
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SELECTIVE PROFILING

When the profiler API still isn’t enough, selectively profile kernels, particularly with
performance counters.

$ nvprof --kernels :::1 --analysis-metrics ..

context:stream:kernel:invocation

Record metrics for only the first
invocation of each kernel.
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PROFILER API

Real applications frequently produce too much data to manage.

Profiling can be programmatically toggled:
#include <cuda profiler api.h>

cudaProfilerStart() ;

cudaProfilerStop() ;
This can be paired with nvprof:

S nvprof --profile-from-start off ...
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KERNEL DETAILS - IMPORT INTO VISUAL PROFILER

@ File->Import @ Select “Nvprof” then “Next >" Select “Single Process’
then “Next >"
@& NVIDIA Visual Profiler [[Zl| View Window Help ® @ e @
@0 e . [ New Session  #N | Select Nvprof profile files
- J Open... . #0 l Import profile data generated by nvprof. Import profile data for a
Clone Session
Save Select an import source: o el el
Save As... Multiple processes
Save All
Command-line Profiler
2% Import... .

O,

Click “Browse" next to “Timeline data

“ Import Mvprof Data

Import Profile Data for Single Process

Select one nvprof profile file containing timeline data and zerc or more additicn nvprof profile files containing
event and metric values.

Profile Files  Timeline Options

Connection: Local o

Manage connections...

file" to locate the .nvprof file on your
local system, then do the same for
“Event/Metric data files,” then click
“Finish”

Timeline data file: | Ch\Users\jlarkintOneDrive - NVIDIA Corporation®2018\Profilers Tutorial\single_gpu_data.timelinel DD.m-| Browse...

Event/Metric data files:

ChUsershjlarkin'OneDrive - NVIDIA Corporationt201% Profilers Tuterial\single_gpu_data.metrics100.nvprof

I Browse... i

Remove

IDIA.



VISUAL PROFILER IMPORT - COMMON

WARNING

t Dropped Invalid Data

The start and end timestamps on 9 kernels, memcpys, and other collected profile

in the timeline

*

l % data are invalid. Those profiling records have been dropped and will not be displayed

—

This warning is very common when imporfing both
timelines and metrics, particularly on very short runs. It
can be safely ignored.

35
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VISUAL PROFILER - GUIDED ANALYSIS

t MNVIDIA Visual Profiler

File View Window PRun Help

= e~ RQA|B|F R|HEE[A-
t *single_gpu_data.timeline100.nvprof &3

05 01s 02s 0.3s
\

[=] Process “run” (176968)
[=] Thread 294443

e IR
VA
- Driver APl cuDevicePrimaryCtxRetain I||||||II|......I..I""" cuDevicePrimanyChd
L Profiling Overhead ”l |I | || | "
[=] [0] Tesla V100-5XM2-16GE
[=] Context 1 [CUDA)

L SF MemCpy [HtoD)

RN
- 7 MemCpy (Dtok INREREIREN
S

fitl| &

Analysis 32 | [ GPU Details (Summary) | [H CPU Details | [T+ OpenACC Details | [T2] OpenMP Details| Bl Console| Tl Settings %, — O ||E Properties &2
ERE Results

1. CUDA Application Analysis

The guided analysis system walks you through the  #
various analysis stages to help you understand the
optimization opportunities in your application.

Once you become familiar with the optimization
process, you can explore the individual analysis

stages in an unguided mode, When optimizing

your application it is important to fully utilize the

H H compute and data movement capabilities of the
STOI’T WlTh O hlg h_ GPU, To do this you should look at your
H application’s overall GPU usage as well as the
level overview of

application
performance.

performance of individual kernels,

E [, Examine GPU Usage i

o

ol T

¥
requires an application timeli
once to collect it i itis not 2

. Iy
application will be run

eady

|y, Examine Individual Kernels

Deetermine which kernels are the most performance oritica
e the mast opportunity for improvement. Thi
utilization data from every kemel, so your ap;
be run once to collect that data if it is not 2lrea i

=nd

requil

s
aition wil

R...

Select or highlight a single interval to see properties




VISUAL PROFILER - GUIDED ANALYSIS

t MNVIDIA Visual Profiler

05
)
[=] Process “run” (176968)
[=] Thread 294443

- OpenACC

- Driver API
L Profiling Overhead
[=] [0] Tesla V100-5XM2-16GE
[=] Context 1 [CUDA)
L SF MemCpy [HtoD)
L SF MemCpy (DtoH)

—. ——
Most

)| FEH CPU Details | [Ts] OpenACC Details | [Ts] OpenMP Details| Bl Console| T Settings

File View Window PRun Help
= WS- RQ@|E|FR|IEEL|IA
t *single_gpu_data.timeline100.nvprof &3
01s 02s 0.3s 045 05s 06s 07s

cuDevicePrimaryCtxRetain

LI LD L] cuevieePrimanCoR.

ICENCRCN N NCECE
W — O

Results

- m} x
= 0
D.ISs D.?s 1|s

~
|
i

|l
W
El Properties &3 |

 applications will
- see these.

-

The analysis results on the right indicate potential
problems in how your application is taking advantage
of the GPU's available compute and data movement

003

88ms=0%]

& Low Memcpy/Kernel Overlap [ 0 ns /

The percentage of time when memcpy is being performed in parallel with kernel is low.

& Low Kernel Concurrency [ 0 ns /97

The percentage of time when two kernels are being executed in parallel is low,

Gelect or highlight a single interval to see properties

capabilities. You should examine the information
provided with each result to determine if you can
make changes to your application to increase GPU
utilization,

& Low Memcpy Throughput [ 6.773 ME/s avg, for memcpys accounting for 3.3% of all memcpy time |

The memery copies are not fully using the available host to device bandwidth.

& Low Memcpy Overlap [ [ ns / 3.05

ms = 0%]

The percentage of time when two memaory copies are being performed in parallel is low.

Also common, may
indicate usage of
unpinned memory &

"N

E |y, Examine Individual Kernels

additional optiMZation opportunities.

May indicate
insufficient

& Low Compute Utilization [ 97,2522 ms/ 32ms=11.1%]

The multiprocessors of one or more GPUs are mostly idle,
i Compute Utilization

The device timeline shows an estimate of the amount of the total compute capacity being used by the kernels ex

synchronous data
copies

amount of work.

<

i NVLink Analysis

The following NYLink topology diagram shows logical MVLink connections between GPUs and CPUs, A logical N v
>




VISUAL PROFILER - GUIDED ANALYSIS

t MNVIDIA Visual Profiler

File View Window PRun Help
= WS- RQ@|E|FR|IEEL|IA
t *single_gpu_data.timeline100.nvprof &3
01s 02s 0.3s 045 05s

05
)

[=] Process “run” (176968)
[=] Thread 294443

- OpenACC

- Driver API

cuDevicePrimaryCtxRetain

L Profiling Overhead
[=] [0] Tesla V100-5XM2-16GE
[=] Context 1 [CUDA)
L SF MemCpy [HtoD)
L SF MemCpy (DtoH)

i Analysis 22 | GPU Details (Summary) | 4 CPU Details | [T2] OpenACC Details | [To] OpenMP Details| & Console| T Settings
1. CUDA Application Analysis
2. Check Overall GPU Usage

Results

88ms=0%]

& Low Memcpy/Kernel Overlap [ 0 ns /2,93

The percentage of time when memcpy is being performed in parallel with kernel is low.

K K L R & Low Kernel Concurrency [ 0 ns /97
The analysis results on the right indicate potential

problems in how your application is taking advantage
of the GPU's available compute and data movement
capabilities. You should examine the information
provided with each result to determine if you can
make changes to your application to increase GPU
utilization

\ E

additional optiMZation opportunities.

The percentage of time when two kernels are being executed in parallel is low,

& Low Memcpy Throughput [ 6.7

The memery copies are not fully using the available host to device bandwidth.

Next zoom in on
individual kernel
optimizations.

& Low Memcpy Overlap [ [ ns

/30515 ms = 0%]

The percentage of time when two memaory copies are being performed in parallel is low.

|y, Examine Individual Kernels

& Low Compute Utilization [ 97.2522 ms /277 32ms=11.1%]

The multiprocessors of one or more GPUs are mostly idle,

i Compute Utilization

i NVLink Analysis

<

L [T ]

VA
LI LD L] cuevieePrimanCoR.
I Ll

IO NI EECECE
%, — O ||E Properties &2 =

Select or highlight a single interval to see properties

ME/s avg, for memcpys accounting for 3.5% of all memcpy time |

The device timeline shows an estimate of the amount of the total compute capacity being used by the kernels ex

The following NYLink topology diagram shows logical MVLink connections between GPUs and CPUs, A logical N v

>




VISUAL PROFILER - GUIDED ANALYSIS

This table ranks
the kernels by
bang for buck,
click the top one.

Click here to
deep dive on the
selected kernel.

t MNVIDIA Visual Profiler

- m}
File View Window PRun Help
= WS- RQ@|E|FR|IEEL|IA
t *single_gpu_data.timeline100.nvprof &3 =
Il:ls D.] 5 U.IZS D.|35 D.rlls U.IES D.|65 D.E-'s D.ISs D.?s 1|s
[=] Process “run” (176968)
[=] Thread 294443
e IR
0 A
- Driver API cuDevicePrimaryCtxRetain I||||||II|......I..I""" cuDevicePrimaryCoR...
L Profiling Overhead ”l |I | || | "
[=] [0] Tesla V100-5XM2-16GE
[=] Context 1 [CUDA)
- 7 MemCpy (FitoD) (i (1T
- 7 MemCpy (DtoH) INENERINEN
— - . NCE NCECE NECECE
i Analysis 22 | GPU Details (Summary) | 4 CPU Details | [T2] OpenACC Details | [To] OpenMP Details| & Console| T Settings %, — O ||E Properties &2 =

==
==
ElE ©

1. CUDA Application Analysis

2. Performance-Critical Kernels

The results on the right show your application's
kernels ordered by potential for performance
improvement. Starting with the kernels with the

i ou should select an entry from the
table and then pe js to discover
additional optimization opportunities.

Perform Kernel Analysis

~N

E |, Perform Additional Analysis i

ooeE - = = o
potential performance problems. After running th
Itz at right to highfight the indh

sctany
=l kernels for which

Results
i Kernel Optimization Priorities Select or highlight a single interval to see properties
The following kernels are ordered by optimization importance based on execution time and achieved occupancy.
Optimization of higher ranked kernels (those that appear first in the list) is more likely to improve performance
compared to lower ranked kernels,

Rank Description
100
66 [ 100 kernel instances ] main_134_gpu

[ 100 kernel instances ] main_123_gpu

37 [ 100 kernel instances | main_127_gpu__red
5 [ 100 kernel instances ] main_148_gpu
2 [ 100 kernel instances | main_142_gpu




NVVP - GUIDED ANALYSIS - BANDWIDTH BOUND

This box will estimate
the performance
limiter of your kernel

Click here to dive
deeper on that
performance
limiter

t MNVIDIA Visual Profiler
File View Window PRun Help
F = E
t *single_gpu_data.timeline100.nvprof &3
Il:ls D.] H

[=] Process “run” (176968)
[=] Thread 294443

- OpenACC

- Driver API
L Profiling Overhead
[=] [0] Tesla V100-5¥M2-16GB
[=] Context 1 [CUDA)
L SF MemCpy [HtoD)
L SF MemCpy (DtoH)

— -~

) wy S v | R

—n

i Analysis 22 | GPU Details (Summary) | 4 CPU Details | [T2] OpenACC Details | [To] OpenMP Details| & Console| T Settings

HIEER
1. CUDA Application Analysis

iy, Export PDF Report

2. Performance-Critical Kernels

3. Compute, Bandwidth, or Latency Bound

Results

- m}
D.?s 1|s
E Prop.. & | &

The first step in analyzing an individual kernel is to
determine if the performance of the kernel is bounded by
computation, memory bandwidth, or instruction/memaory
latency, The results at right indicate that the performance of
kernel "main_123_gpu” is most likely limited by memory
bandwidth,

E i, Perform Memory Bandwidth Analysis ;
E T IRy ETrECR 10 DETTOTITLSTICE TOT TN ReTTvE] 12 TTeTTeony DoTea it

=0 you should first perform memary bandwidth analysis to determine how itis
imiting performance.

oy, Perform Compute Analysis

i, Perform Latency Analysis

Compute and instruction and memary [stency are likely not the primary
performance bottlenecks for this kernel, but you may still want to perform those

analyses.

1

i Kernel Performance Is Bound By Memory Bandwidth

For device "Tesla V100-5XM2-16GB" the kernel's compute utilization is significantly lower than its memory utilization. These

utilization levels indicate that the perfformance of the kernel is most likely being limited by the memaory system. For this kernel the

limiting factor in the memory system is the bandwidth of the Device memory.

Ul
an
B
T
Bl

[

Wiilization

4

30

20

0z

Compute

flemory [Device]

B raemony operations
I control-flow operations
Il Avithmetic operations
B raemony [Device)

Select or highlight a
single interval to see
properties

8




NVVP- GUIDED ANALYSIS - BANDWIDTH BOUND

This is the final set of
suggestions for this
kernel.

1. CUDA Application Analysis

2. Performance-Critical Kernels

3. Compute, Bandwidth, or Latency Bound

4. Memory Bandwidth

Memory bandwidth limits the performance of a kernel when
one or more memories in the GPU cannot provide data at the
rate requested by the kernel. The results at right indicate that
the kernel is limited by the bandwidth available to the device
memaory.

Rerun Analysis

t MNVIDIA Visual Profiler - m}

File View Window PRun Help

=) G- @|e8|FRILDEEA-

t *single_gpu_data.timeline100.nvprof &3 =
Il:ls D.]s UIZS D|35 Drlls U.IES D|65 D?’s DISs D.?s 1|s

—| Process “run” [176968)

—| Thread 254443
OpenACC
il Analysis 22 | 4 GPU Details (Summary) | E1 CPU Details | [T#] OpenACC Details | [T OpenMP Details B Console| T Settings W, — O ||BProp. 2| T
EE R i}, Export PDF Report Results

A\ 4

& Global Memory Alignment and Access Pattern

Memuery bandwidth is used most efficiently when each glebal memory load and store has proper alignment and access pattern, The ar
per assembly instruction.

Optimization: Select each entry below to open the source code to a global load or store within the kemel with an inefficient alignment or
access pattern. For each load or store improve the alignment and access pattem of the memory access.

w Line / File poissonZd.c - \gpfs\wolf\gen110scratchyj2k\nvidia_profilers\jacobit3_single_gpu_data
126 Global Lead L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
126 Global Load L2 Transactions/&ccess = 9, |deal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
126 Global Load L2 Transactions/Access = 9, |deal Transactions/Access = 8 [ 4712184 L2 transactions for 524032 total executi
126 Global Store L2 Transactions/Access = 9, |deal Transactions/Access = 8 [ 4712194 L2 transactions for 324032 total executi
126 Global Load L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
127 Global Lead L2 Transactions/#ccess = 9, |deal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi

& GPU Utilization Is Limited By Memory Bandwidth

The following table shows the memory bandwidth used by this kernel for the various types of memory on the device. The table also sh
utilization of each memory type relative to the maximum throughput supported by the memery. The results show that the kernel's per
is potentially limited by the bandwidth available from one or more of the memeries on the device,
Optimization: Try the following optimizations for the memory with high bandwidth utilization.

Shared Memory - If possible use 64-bit accesses to shared memory and 8-byte bank mode to achieved 2x throughput.

L2 Cache - Align and block kernel data to maximize L2 cache efficiency.

Unified Cache - Reallocate texture data to shared or global memory. Resolve alignment and access pattem issues for global
loads and stores.

Device Memory - Resolve alignment and access pattern issues for global loads and stores.

System Memory (via PCle) - Make sure performance critical data is placed in device or shared memory.

Select or highlight a
single interval to see
properties

|




NVVP - GUIDED ANALYSIS - LATENCY BOUND

Low Compute &
Memory utilization
points to being
latency bound.

Now a latency
analysis is
suggested

t MNVIDIA Visual Profiler
File View Window PRun Help
= ey Q| B S E|E |
t *single_gpu_data.timeline100.nvprof &3
Il:ls D.] H U.IZS D.|35 D.rlls U.IES 06s 07s 08s

[=] Process “run” (176968)
[=] Thread 294443

- OpenACC

- Driver API
L Profiling Overhead
[=] [0] Tesla V100-5¥M2-16GB
[=] Context 1 [CUDA)
L SF MemCpy [HtoD)

fm Analysis =1 | B GPU Details (Summary) T4 CPU Details '_E OpenACC Details '_E OpenMP Details E Console E@ Settings .
iy, Export PDF Report Results

E Prop.. & | = O

1. CUDA Application Analysi i Kernel Performance Is Bound By Instruction And Memory Latency

2 Perfesmange-Critical Kernels
3. Compute, BMMM

The first step in analyzing an individual kernel is to
determine if the performance of the kernel is bounded by

This kernel exhibits low compute throughput and memaory bandwidth utilization relative to the peak perfformance of "Tesla
V100-5XM2-16GB". These utilization levels indicate that the performance of the kernel is most likely limited by the latency of
arithmetic or memory operations, Achieved compute throughput and/or memery bandwidth below 0% of peak typically indicates
latency issues.

computation, memory bandwidth, or instruction/memory 00
latency, The results at right indicate that the performance of
kernel "main_127_gpu__red" is most likely limited by an
instruction and memoglatency. -
E i, Perform Latency Analysis ; i
The most likely bottleneck to performance for this kemel iz instruction and =] 203 Il rtemory operations
memaory latency so you should first perform instruction and memaorny latency T . I Control-flow operations
snalysis to determing how it is imiting performance. H " : . .
5 - Il Avithmetic operations
i, Perform Compute Analysis B temory (Device)
0
iy, Perform Memory Bandwidth Analysis 20
Compute and memory bandwidth re kely not the primary performance 0
bottlenecks for this kernel but you may ofill want to perform those analyzes. 4_—_—

N Compute Mlemorny [Dievice]
Rerun Anal

Select ar highlight a
single interval to see
preperties




NVVP- GUIDED ANALYSIS - LATENCY BOUND

The kernel doesn’t
do enough work for
the GPU.

t MNVIDIA Visual Profiler
File View Window PRun Help
= iowy Qv| B & H
t *single_gpu_data.timeline100.nvprof &3
Il:ls 01s 02s 0.3s 045 05s 06s 07s 08s

i i i ) i h i h
—| Process “run” [176968)
—| Thread 254445

OpenACC

Drriver AP
Profiling Overhead
=| [0] Tesla V100-5XM2-16GB
—=| Context 1 [CUDA)
SF MemCpy (HtoD)

[l Analysis 22 |28 GPU Details (Summary) | £ CPU Details | [[5] OpenACC Details | [[5] OpenMP Details B Console| T Settings S,

ssultc

- O x
= O
D.?s 1|s
S
v
E Prop.. & | = O

ElE &
1. CUDA Application Analysis

iy, Export PDF Report
& Grid Size Too Small To Hide Compute And Memory Latency

The kernel does not execute encugh blocks to hide memory and operation latency. Typically the kernel grid size must be large encugh
| tO fill the GPU with multiple "waves" of blocks. Based on theoretical occupancy, device "Tesla V100-5XM2-16GB" can simultaneously
execute 8 blocks on each of the 80 SMs, so the kernel may need to execute a multiple of 840 blocks to hide the compute and memery
latency. If the kernel is executing coencurrently with other kernels then fewer blocks will be required because the kernel is sharing the
5Ms with those kernels,

Optimization: Increase the number of blocks executed by the kemel.

2. Performance-Critical Kernels

3. Compute, Bandwid‘th

4.1 ind Memory Latency

~

Instruction and memory latency limit the performance of a

More...

Select ar highlight a
single interval to see
preperties

kernel when the GPU does not have enough waork to keep
busy. The results at right indicate that the GPU does not
have enough work because the kernel does not execute
enough blocks,

E i, Examine Occupancy ;

Ocoupandy is 2 measure of how many warps the kernel has active on the GRU
relative to the maximum number of warps supported by the GPU. Theoretica
DCCUPENTY DN d while E i =1 the
kernel's actual oo . For this kernel, examining 3y not be
useful until you modify the kemel to execute more blocks because ocoupancy
=iz azsumes there are enough blocks to fill the GPLL

ik, Show Kernel Profile - PC Sampling

The kernel profile shows the samples of variows stall reasons collected at each
pe of the assembly instruction. Using this information you can pinpoint portions
of your kernel that are having high laten e to stall for 3 particular rezson  For

'

thiz kernel, examining stallz may not be useful until you modify the kernel to




NVVP - GUIDED ANALYSIS - LATENCY BOUND

In other cases an
occupancy analysis
may be performed.

J

t MNVIDIA Visual Profiler

File View Window PRun Help
N EE i mg Q- | & g
t *single_gpu_data timeline100.nvprof

Il:ls D.E.‘:S 5
—| Process “run” [2125)
—| Thread 258400
Runtime AP
Drriver AP
Profiling Overhead
=| [0] Tesla V100-5SXM2-16GE
=| Context 1 (CUDA)
S MemCpy (HtoD)
S MemCpy (DtoH)

+*

BB F RIEESA

t *vec_add_cudatimeline.nvprof &3

01s

0155 0.25s
1 |

[l Analysis 22 |28 GPU Details (Summary) | £ CPU Details | [[5] OpenACC Details | [[5] OpenMP Details B Console| T Settings

iy, Export PDF Report

1. CUDA Application Analysis

2. Performance-Critical Kernels

3. Compute, Bandwidth, or Latency Bound

4. Instruction and Memory Latency

nd memory latency limit the performance of a
kernel when s not have enough waork to keep
busy. The performance of 13 agited kernels can often
be improved by increasing occupancy. is a
measure of how many warps the kernel has active on
GPU, relative to the maximum number of warps supported by
the GPU. Theaoretical occupancy provides an upper bound
while achieved occupancy indicates the kernel's actual
oCoupancy.

E i, Examine Occupancy ;

Owccupancy is 3 messure of how many wanps the kemel has active on the GRU
relative to the maximum number of warps supported by the GPU. Theoretica
DCCUPENTY DN upper bound while achieved occupangy indicates the
kernel’s actual oooupany.

iy, Show Kernel Profile - PC Sampling

Thee kemed profile shows the samples of vanious stall reasons collected at each
r i #hs s rzanih instrufinn |lsine this infrrmsfinn s ran Rinnsing nartinns

~

'

esultc

0.355
1

E |

0.45 5
1

i Occupancy Is Not Limiting Kernel Performance

The kernel's bleck size, register usage, and shared memaory usage allow it to fully utilize all warps on the GPLL

Variable Achieved Theoretical
Occupancy Per SM

Active Blocks 8
Active Warps 53.8 64
Active Threads 2043
Qccupancy 84.1% 100%
Warps

Threads/Block 256
Warps/Block 8
Block Limit 8
Registers

Renicters/Thread 16

Device Limit

32

2048

100%

1024

32

32

h3536

Maore...

Grid Size: [ 4096,1,1 ] (4096 blocks)Block Size: [ 256,1

g

]
o
=53
wo ]

Fa

w

- O x
= O
C'.IES
S
v
E Prop.. & | = O

add_vectors(int®, int*....

Clueued
Submitted
Start
End
Duration
Stream
Grid Size
Block Size
Registers/ Thread
Shared Memaory/Blc
Launch Type
w Occupancy
Achieved
Theoretical
~ Shared Memory Cor
Shared Memory
Shared Memary




NVVP- GUIDED ANALYSIS - COMPUTE BOUND

High compute
utilization indicates
the kernel is
compute bound.

Now a compute
analysis is
suggested

t MNVIDIA Visual Profiler
File VYiew Window Run
F = E
t *mat_mul_nvbetimeline.0.nvprof 25

Il:ls D.ZIS H 055

Help
oy @~ | | & 2

[=| Process "MPI Rank 0" (180175}
[=] Thread 310560
L Runtime AP
L Driver API
[=| Markers and Ranges

L Default Domain

L Profiling Overhead
[=] [0] Tesla V100-SXM2-16GE
[=] Context MPI Rank 0 [CUDA)

T Analysis 22 | F GPU Details (Summary) | FEL CPU Details | [T] OpenACC Details | [T5] OpenMP Details| Bl Console| T Settings
Results

|sly, Export PDF Report

275s 35
i

8 ||E Prop.. 2| T

i Kernel Performance Is Bound By Compute

1. CUDA Application Analysis

ml-.wce-\crfﬁcal Kernels
2. Gompute, BMMM

The first step in analyzing an individual kernel isN 00

For device "Tesla V100-5XM2-16GB" the kernel's memory utilization is significantly lower than its compute utilization. These utilization
levels indicate that the performance of the kernel is most likely being limited by computation on the SMs.

determine if the performance of the kernel is bounded by .
computation, memory bandwidth, or instruction/memaory A
latency, The results at right indicate that the performance of a0
kernel “volta_dgemm_g4x64_nn" is most likely limited by
compute, T
" 5 B0
E |y, Perform Compute Analysis ; %
] i
The most likely bottleneck to performance for thic kemel i compute so you =
should first perform compute analysis to determine how it is imiting 5 405
performance.
30
|y, Perform Latency Analysis 205
[sly, Perform Memory Bandwidth Analysis 10

nctruction snd remory Latency and memory bandwidth are kely not the
primary performance bottlenecks for thiz kemel, but you may still want to
perform thoss analyzes.

Function Unit [Double] flemory [Texture]

Rerun Anal

Select or highlight a
single interval to see
properties

w

|




NVVP- GUIDED ANALYSIS - COMPUTE BOUND

This kernel performs a
lot of double
precision math.

T Analysis &2 | [ GPU Details (Summary) | 4 CPU Details | [T2] OpenACC Details | [Ta] OpenMP Details| Bl Console| T Settings
= E i}, Export PDF Report Results

& GPU Utilization Is Limited By Function Unit Usage

1. CUDA Application Analysis
Different types of instructions are executed on different function units within each SM. Performance can be limited if a function unit
2. Performance-Critical Kernels is over-used by the instructions executed by the kernel. The following results show that the kernel's performance is potentially
limited by overuse of the following function units: Double.
3. Compute, Bandwidth, or Latency Bound Load,/5tore - Load and store instructions for shared and constant memaory.
Texture - Load and store instructions for local, global, and texture memary,
e Half - Half-precision floating-point arithmetic instructions.

GPU compute resources limit the performance of a kernel when Single - Single-precision integer and floating-point arithmetic instructions,
those resources are insufficient or poorly utilized, Compute Double - Deuble-precision fleating-point arithmetic instructions.
resources are used most efficiently when instructions do not Special - Special arithmetic instructions such as sin, cos, popc, etc,

overuse a function unit, The results at right indicate that Control-Flow - Direct and indirect branches, jumps, and calls.

compute performance may be limited by overuse of a function
unit,

- Instruction Execution

e PEhel profile shows the execution count. inactive th nd predicated
thresds for each source embly fine of the kernel. Using this information you High
«can pinpoint portions of your kemel that are making ineffident use of compute
resource due to divergence and predication. g
Rerun Anal -
=]
L Med
®
o
3
Low

LoadiStore Tewture Half Single Diouble Special  Control-Flow

Select or highlight a
single interval to see
properties

1 Instruction Execution Counts

The following chart shows the mix of instructions executed by the kernel, The instructions are grouped inte classes and for each
class the chart shows the percentage of thread execution cycles that were devoted to executing instructions in that class. The

W NVIDIA Visual Profiler - O X
Eile  View Window Run Help

= E, ey S| RQE|EA|F RILEEEA~

% *mat_mul_nvtctimeline.0.nvprof &2 = B8

IEls CI.ZIS 5 D.IS 5 D.T-'IS 5 1|s 1.7-_‘I5 5 1'|5 5 ‘I.I-'IS 5 2|5 2.2|5 5 2'|5 5 2.'.-:5 5 3|s
—| Process "MPI Rank 07 (180175) ~
—| Thread 310560
Runtime APl w
&, O EProp.. & | T O




“POOR MAN’S” GUIDED ANALYSIS

Sometimes you can get enough information from a simple nvprof run to get you started.

Utilization will be shown as a scale from 1 (Low) to 10 (Max)

$ jsrun -nl -cl -gl -al nvprof -m dram utilization,l12 utilization,double precision_ fu utilization,achieved occupancy ./redundant mm 2048

100

==13250== NVPROF is profiling process 13250, command: ./

redundant mm 2048 100

==13250== Some kernel(s) will be replayed on device 0 in order to collect all events/metrics.

==13250== Profiling application: ./redundant mm 2048 100
(N = 2048) Max Total Time: 10.532436 Max GPU Time: 8.349
Rank 000, HWThread 002, GPU 0, Node h49nl6 - Total Time:
==13250== Profiling result:

==13250== Metric result:

Invocations Metric Name
Device "Tesla V100-SXM2-16GB (0)"

Kernel: volta dgemm 64x64 nn

100 dram utilization
100 12 utilization
100 double precision fu utilization
100 achieved occupancy

185

10.532436 GPU Time: 8.349185

Metric Description

Device Memory Utilization
L2 Cache Utilization
Double-Precision Function Unit Utilization

Achieved Occupancy

ldeally, something will be
“High"” or “Max”. If
everything is “Low"”, check
you have enough work and
check occupancy.

Min Max Avg

Low (1) Low (2) Low (1)

Low (2) Low (2) Low (2)

Max (10) Max (10) Max (10)
0.114002 0.120720 0.118229
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CPU SAMPLING

CPU profile is gathered by periodically sampling the state of each thread in the
running application.

The CPU details view summarizes the samples collected into a call-tree, listing
the number of samples (or amount of time) that was recorded in each function.

48 NVIDIA.



VISUAL PROFILER

CPU Sampling Selected thread
is highlighted in
Range of time

_ | _ _ _ spent across
T Analysis [ GPU Details (Summary) [ CPU Details 12 @ OpenACC Details B Console [ Settings € Error Log

- o E——— all threads
Event % Range
b _mp_barrier_tw 32.578% 3899 ms

x_solve 11.513% 210 ms

compute_rhs 9.063% 210 ms 359.9 ms

z_solve 4.776% 90 ms 210 ms

y_solve 3.735% 100 ms |110 ms

100ms__ ¥ —_—
* e I R Y Bar chart of the ’
f amount of time :

: . spent by thread
Percentage of time spent collectively by all threads 49 SAnvibia




PC SAMPLING

PC sampling feature is available for device with CC >= 5.2

Provides CPU PC sampling parity + additional information for warp states/stalls
reasons for GPU kernels

Effective in optimizing large kernels, pinpoints performance bottlenecks at specific
lines in source code or assembly instructions

Samples warp states periodically in round robin order over all active warps

No overheads in kernel runtime, CPU overheads to parse the records

50 NVIDIA.



VISUAL PROFILER - PC SAMPLING

Option to select sampling period

Analysis GPU Details (Summary CPU Details OpenACC Details &l Console [ Settings 2 i =
Session NewSession1

PCle Override: Rerun analysis after updating

_ Device: | [0] Graphics Device =

Analysis PCle Generation: 2 Override:
PCle Link Width: 4 Override:
PCleLink Rate:  5Gbit/s Override:

Sampling period: Rerun Kernel Profile - PC Sampling analysis after updating

) Default sampling period ® selectsampling pefé)d B :
The actual sampling period will be in 27n cycles

51 <4NVIDIA.



VISUAL PROFILER

PC SAMPLING Ul

Pie chart for sample distribution for a CUDA

function

Sample distribution

memory dependency

P 11

execution dependency
1542

instruction fetch
R

constant

1349

Mmooy throttle
008

not selected

1853
\ pipe busy
048 %
other
439%
\instruction izzued

49

synchronization _,/

TR H

D FE B 0O 0D OO0 O &

inztruction fetch
483

memorny dependency
21EE %

execution dependency
1242

synchronization
TEX

instruction issued
349

other

939

pipe busy
0482

not selected
166

memory throktle
008

constank
139

Line Warp State File - /C:/swapnaofficial/Maxwell/sampling/SFM/sessionl/estimate_combinedl.cu

188 int tid = threadldx.z * blockDim x ™ blockDim.y + threadldx.y * blockDim.x + threadldxx, ~ »
189
\ Stack bar with stall reasons Ishift =0; poopot |
151 - Tor (int i=0;i<6; "”i)
192 {
193 #pragma unroll
194 for (intj =i j S#%+) cols+ b -
195 {
196 ~syncthreads (); aa——
197 | smem(tid] = row(i] * row[j]; :o t;pot SOuEe e With
198 __syncthreads () ighest number of samples
199
200 reduce<CTA_SIZE>(smem);
201 -
< ’ - m »
Warp State Disassembly v -
LUL R4, [R4]; -
MOV R5, R3;
| MOV R7, R4;
L_8:
BAR.SYNC 0x0;
| FMULFTZ R?7, R4, R7;
STS [RO]. R7;
BAR.SYNC 0x0;
et e TR AND PO, PT, R13, 0x7f, PT;
Total Sample Count = 1288 }
synchronization = 847 (658%)  p, [R0+0x200]. | Tooltip with distribution of stall
other = 263 (20.4%) RIEF7, o, I reasons
instruction fetch = 69 (5.4%) ;
execution dependency = 36 (2.8%) R3; g
memory dependency = 32 (2.5%) ! on ;
instruction issued = 23 (1.8%) . PT, R13, O3t PT. -
: 5 - 5, [RO+0x100);
pipe busy = 9 (0.7%) ba B7 RE:
not selected = 8 (0.6%) o
memory throttle = 1 (0.1%) Ep"g;
< »

Source-Assembly view 52 <JNVIDIA.



EXPORTING DATA

It’s often useful to post-process nvprof data using your favorite tool (Python, Excel,

)
S nvprof --csv --log-file output.csv \

—1 profile.nvprof

It’s often necessary to massage this file before loading into your favorite tool.
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<1 OPENACC PROFILING

correlation

NVIDIA Visual Rrofiler
d Run \Help

© *NewSessionl 2

292 ms 292.5ms 253 ms 233.5ms 254 ms 254.5 ms 295ms 255.5 ms

KU AFT
- Driver API
[= Thread 1101162240

cuStreamSynchronize cuStreamSynchronize .

acc_compute _construck@acc_openmp.cpp:34
acc_implicit wait@acc_openmp.cpp:34

- OpenACC

" Runtime API
- Driver API
[= Thread 1084376832

* OpenACC

Driver A

custreamsynchronize [ 1]

acc data@acc_openmp.cpp:36

acc_enqueue_download@acc_openmp.cpp:36

OpenAcc
timeline

cuStreamSynchronize
- Profiling Overhead
[=! [0] Tesla k20¢
[= Context 1 (CUDA)
¥ MemCpy (HtoD)
7 MemCpy (DtoH)
[=] compute

_Z8runSaxpyiiiPfs_. - iliPFS_... [ _Z8runSaxp FS_...| _Z8runSaxpyiliPFS_...| Z8runSaxpyiiiPFs_... | _Z8runSaxpyiiiPfS_...| _Z8runSaxpyiiiPfs_...

_Z8runSaxpyiiiPFS_.

_Z8runsaxpyiiiPfs_...| Z8runSaxpyiiiPFs_|
_Z8runSaxpyiiiPFS_...|_Z8runSaxpyiiiPFS_|

[=] Streams
- Default \ \ \ _Z8runSaxpyiiiPF: |:]\ _Z8runSaxpyiiiPfS_...[ Z8runSaxp FS_...| Z8runSaxpyiliPfS_...| Z8runSaxpyiiiPf5s . 7ZBrunSaxpyiiinSi... _Z8runSaxp S ... ||| \ \ \ _Z8runSaxpyiiiPFS ...| Z8runSaxpyiiiPFS_Ji=
. v
GPUDetails B Console [ Settings [ acc_openmp.cpp & = A | E Properties 2 = B8
float *sub_x = x + (i * N); ALl .
Float *suby = y + (i * N} acc_enqueue_launch@acc_openmp.cpp:34
Start 291.463 ms (291,463,334 ns)
if (loop == @ && omp_get thread num() == @) { End 291.717 ms (291,716,557 ns)
printf("%d OMP threads\n", omp_get num threads()); : Op A
FfLush(NULL) ; Duration 253.223ps en CC
Event Kind acc_enqueue_launch .
. - : Properties
ragma acc kernels =
prag for (= 0; § < N; ++j) { Device Type acc_device_nvidia
sub_y[j] = a*sub_x[jl; Device Number 1]
Thread ID 6

} Async -1

i e OpenACC- >Sou rce Async Map ) 16
/* test main */ Code Correlation Source Information

Source File acc_openmp/acc_openmp.cpp
= int main(int argc, char **argv) Function Name _ZBrunSaxpyiiiPFS_f
{ Start Line Number 34

int M =
— End Line Number 34




SUMMIT NVLINK TOPOLOGY

Results
i NVLink Analysis
The following NVLink topology diagram shows logical NVLink connections between GPUs and CPUs, A logical NVLink can contain one or more physical links. When two devices A and B are connected by an MVLink, the receive throughput of device A is same as the transmit throughput of device
B. The tables on right hand side show the properties for each logical MVLink.
* NVLink utilization may vary in accuracy, because any activity within the sampling period is treated as active, even though most of that period could be idle.

Legical NVLink Properties

Logical NVLink PeakBandwidth PhysicalMVLlinks Peerfccess Systeméccess  Peerftomnic SystemAtomic Utilization % IdI
GFU1 GPU 4 GPUD=-->CP... 100 GB/s 2 No Yes Mo Yes 0
Tesla V100-SXM... Tesla V100-SXM.. GPUO<--»GP... 100 GB/s 2 Yes Ne Yes Ne 0
GPUD<-->GP... 100 GB/s 2 Yes Mo Yes Mo 0
3 [
GPUD<-->GP... 84 GB/s 2 0
27 IR e _—______-
GPUD<-->GP.., 34 GB/s 2 Yes Yes 0
GPU 2 GPU 5 - /
TeslaV100-5XM _{é—  CPUD  fa—pl  CPU1  |e—pTesla V100-SXN. | GPUT=-->CP.. 1006GB/s 2 | Mo ves he Yes 0
441 .36 MBIs 490 84 MB/s GPUT<--=GP... 100 GB/s 2 Yes Ne Yes Ne 0
GPUT<-->GP... 84 GB/s 2 Yes 0
0 afhee) . — ————————-
1 L GPU1=-->GP... 24 GB/= 2 Yes Yes
GPUD 414.95 MBIs 456.71MBIs GPU 3 GPUZ<-->CP... 100 GB/s 2 No Yes Mo Yes D
[Tesla V100-SXM... [Tesla V100-SXM. ., GPUZ<--»GP... 24 GB/s 7 Ves
GPU2<-->GP.., 34 GB/s 2 Yes
GPU3<-->CP... 100 GB/s 2 Ne
GPU3<-->GP... 100 GB/s 2 Yes

GPU3<-->CP... 100 GB/s Mo Yes Yes
< >

Leaical NVLink Throuahout
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NSIGHT PRODUCT FAMILY (COMING SOON)

Standalone Performance Tools Workflow

- System-wide application algorithm tuning

- Debug/optimize specific CUDA kernel

- Debug/optimize specific graphics shader /\

- editor, debugger, some perf analysis

IDE Plugins

56 NVIDIA.






BACKUP SLIDES



FILTER AND ANALYZE

a Select unified memory in the a Select required events and click

. . . s ,
unguided analysis section on ‘Filter and Analyze
C@ Analysis 22 GPU Details (Summary) CPU Details OpenACC Details El Results
— = ™ Filter Timelines
E (& ¥ [a] Reset All [ Analyze All
To enable kernel analysis stages select a hoskt-launched kernelinstance in the Start Address: 0x900000000 | End Address: |0x900141000
timeline. Virtual address range size: |0x141000
Application
Data Movement And Concurrency ] CPU Page Faults
Access Type: Read Write
Compute Utilization [ane]
GPU Page Faults
Kernel Performance lalg Access Type: Read Write Atomic Prefetch
Dependency Analysis [ate], & HtoD Migrations
Reason: User ™ Coherence Prefetch
NVLink LS

DtoH Migrations

<

Reason: User @ Coherence ® Prefetch Eviction

Filter and Analyze

The following table shows the summary of unified memory migrations and page faults after filtering

Unified Memory

Total HtoD migrationsize Total DtoH migrationsize Total CPU Page faults Total GPU Page faults Total different pages
1311 MB | 1.704MB 0 0 | 68
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FILTER AND ANALYZE

Unfiltered

238 ms 238.5ms 239 ms 2395 ms 240 ms 2405 ms 241 ms

237 ms 237.5ms

| 2335 ms 234 ms 2345 ms 235ms 235.5ms 236 ms 236.5ms

[=] Process "vecAdd_managed" (...
=] Thread 3890149184
- Runtime API
- Driver API
- Profiling Overhead
[=] Unified Memory
L 5F CPU Page Faults
[=| [0] Graphics Device
[=I Unified Memory
L 5F Data Migration (DtoH)

L 5F GPU Page Faults

%I Data Migration (HtoD)
|=| Context 1 (CUDA)
=] Compute
- 5F 100.0% vectorAdd...
[=| Streams
- Default

N cudaDeviceSynchronize

([ TR ]| En I - 1 I HENl NN NN B EE [ _Data ]

vectorAdd(Float const *, Float const *, Float*, int)
vectorAdd(Float const *, float const ¥, Float*, int)

vectorAdd(Float const *, float const ¥, Float*, int)
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EXPANDING THE NSIGHT FAMILY



=,

49 NSIGHT SYSTEMS

System-wide application algorithm tuning
Multi-process tree support

Locate optimization opportunities
Visualize millions of events on a very fast GUI timeline
Or gaps of unused CPU and GPU time

Balance your workload across multiple CPUs and GPUs
CPU algorithms, utilization, and thread state
GPU streams, kernels, memory transfers, etc

OS: Linux x86_64, Windows, MacOSX (host only)
No plans for Linux Power

Docs/product:

62

NVIDIA.


https://developer.nvidia.com/nsight-systems

NSIGHT SYSTEMS

Multicore CPU and multi-GPU system activity trace
CPU utilization, thread state and core/thread migration

OS library trace with blocking call backtraces

pthread, semaphore, file 1/0, network I/0, poll/select, sleep/yield, ioctl, syscall, fork

CUDA, OpenACC, OpenGL API and GPU Workload trace
Includes UVM events
cuDNN and cuBLAS

NVidia Tools eXtension (NVTX) user annotations

Command line

63 NVIDIA.



NSIGHT COMPUTE



NVIDIA NSIGHT
COMPUTE

Next-Gen Kernel Profiling
Tool

Key Features: 4 NJ,

4 A

Interactive CUDA API debugging and kernel profiling
Fast Data Collection

Improved Workflow (Diff’ing Results)

Fully Customizable (Programmable Ul/Rules)

Command Line, Standalone, IDE Integration

OS: Linux x86_64, Windows, MacOSX (host only)
Linux Power planned for Q2 2019

GPUs: Pascal, Volta, Turing

Docs/product: https://developer.nvidia.com/nsight-compute

* |12tex__sol_pct [%] 14.33 n/a
launch__block_size 128.00 128.00
launch__function_pcs 47,611,587 ,968.00 12,273,728.08
launch__grid_size 4,132.00 3,369.00

~ GPU Speed Of Light

SoL SM [%] 8.74 (-80.08%)
SOL TEX [%] 8.74 (-2.82%)
SoL L2 [¥] e.e5 (-99.35%)
SOL FB [%] 8.9 (-99.76%)
GPU
|
SM [%]
I
Memory [%]
0.0 10.0 20.0 30.0 40.0 50.
Speed Of
Recom
[
inst_executed [inst] 16,528.00; 16,528.00; _ 13,476.00; 13,476.00; _

launch__occupancy _limit_blocks [block] 32.00 32.80

launch__occupancy _limit_registers [register] 21.00 21.ee
launch__occupancy_limit_shared_mem [bytes] 384.00 384.00
launch__occupancy_limit_warps [warps] 16.00 16.00

launch__occupancy_per_block_size 3,638.00 3,638.00
launch__ocaupancy_per_register_count 5,792.00 5,792.00
launch__occupancy_per_shared_mem_size 2,260.00 2,260.20
launch__registers_per_thread [register/thread] 17.00 17.ee

launch__shared_mem_config_size [bytes] 49,152.00 49,152.08
launch__shared_mem_per_block_dynamic [bytesblock] 0.00 9.00
launch__shared_mem_per_block_static [bytes/block] 20.00 20.ee
launch__thread_count [thread] 528,896.00 431,232.e0

launch__waves_per_multiprocessor 3.23 42.11
Ite__sol_pct [%] 6.93 7.18
memory_access_size_type [bytes] 2.80; 32.00; 32.00; 32_ 2.80; 32.09; 32.00; 32_

Source Live Registers Sampling Data (All) Sampling Data (No Issue)

@!PT SHFL.IDX PT, RZ, RZ, RZ, RI; @ 223 [}
MOV R1, c[exe][ex28]; L 13 44
S2R R®, SR_CTAID.X; 2 143 75
S2R R2, SR_TID.X; 3 2 3g
IMAD Re, Re, c[exe][exe], R2; 3 599 94
ISETP.GE.AND P, PT, Re, c[exe][ex17e] 2 125 26
@Pe EXIT; 2 259 86
MOV R2, R@; 3 386 29
@!PT SHFL.IDX PT, RZ, RZ, RZ, RZ; 2 e e
MOV R4, @x4; 3 e e
IMAD.WIDE R4, R2, R4, c[exe][exisce]; 4 e e
LDG.E.SYS R3, [R4]; 3 e e
BSSY B@, @xbeesze7se; 3 e e
SHF.R.S32.HI R@, RZ, exlf, R2; 4 e e



https://developer.nvidia.com/nsight-compute
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& NVIDIA System Profiler 4.0
Eile View Help
Select device for profiing... -

More info...

project2 ] DGXV84m-3GPU.qdrep [[]  trace_DGX1_TF_synthetic_ResNetSi-with-trace-backtraces.qdrep £ trace_DGX1_TF _synthetic_ResNetSD-nith-trace-backtraces-all-system-trace-20s.drep [] | trace DGX1V_C2 synthetic ResMetS0-with-irace-baddraces.qdrep 3

£ Timeline View -

55 +900ms +950ms +100ms +200ms
~ L Loy pyEn - § ' - ’ frrin ’ -
System § . . .
1 e s em HEmIE Thread/core
cuDNN L o P
cuBLAS

migrati on

w [ [178] python =

BRI TR SR

System

Processes

culNN
cuBLAS

threads

~ [ [165] python ~

PRV URCTUNEY PRFERY R e theviets R r s

System N L | L
CUDA API Sl di ok G AR ) 8 U8 .fla,hu L“IJI B SRR DY EE )Y
<uDNN VIR YTIY S SO PR ST B L nn . A B . an sl f - N o -~

CUDA and OpenGL
o API trace

CUDA API
cuDNN

RS, Sk 4 ]

[l 0.
..lﬂ u.-m: i i@

v [ [159] python ~ | . e I |
ystem TR0 lelkt ,,.Em[[mj , ED oco[n GO0+ mallhed ) T 3 o ) CALLDUALT LGOI b i L ol 00 1 Al U 1 Dl OO, bl LOOGIL ... OAO. o i)
cupa APl CUDNN and I;I 8. ] Y Y W _IIIJ..MMIL,.:.,-W AR B ) B - ) 1G] A .5.1..&] L e Dl
cuDNN L

cuBLAS trace
33 threads hidden..
~ CUDA (Tesla P100-5XM2-16GB)
~ Stream 174
> Memory

1 - . [T N : cal - . 1 .

WO & LN AN EEAE ALE LIS IAE SRR EIN AR AL kil EARAIGALL S LR L SIS N LS S AR BAE SNE S AN SIS EE S NI B AL A SEELES LS SN SNLL SN SEEmam L —

“ Kemnels
> maxwell_fp16_scudnn_fp16_126x128_stridedB_splitk_interior_nn

LD BUTBLR A AR B 005000 DN DRI B 36 0 00 00 G T MGGIE WMDY B W JeENe 1@ W SNL W BEEi
I mI@ g enEnnnnE® (10 00 R0 RID 1 @ o oo

Kernel and memory 11111 I 111N nni 1 11 11 11 0 1
o oqo0 [N @0 a8
transfer activities "I T T T I

[P [ R [ PUPR B YR IFY NPIPIE RV PR TIUPR WP I IR U I SR YOI S DR SR DR (PR | IR R T TR R A e .

FITICTIYR! I DYV | ST N VST 1 FEPY "I TI TR 1  (  PCTP I [ (PRI BRI | MY B (BN B NE BN W
naw o an ool 0 @ oe o 80 01, @LE.
A B PR A R e BN @ 0.

> maxwell_fp16_scudnn_fp16_128x128 relu_interior_nn
> maxwell_fp16_scudnn_fp16_128x128 stridedB_interior_nn
> dgrad_engine
> cudnn_maxwell_gegemm _6464_tn_batched
28 kemel group(s) hidden...
~ Stream 12
v Kemels
> AllReduceKernelSmall
> AllReduceKernel

1 kemnel group(s) hidden...
67 stream(s) hidden...
v CUDA (Tesla P100-SXM2-16GE)
> Stream 173
> Stream 20
66 stream(s) hidden..
> CUDA (Tesla P100-5XM2-16GE)
> CUDA (Tesls P100-SXM2-16GE)
> CUDA (Tesls P100-SXM2-16GE)
> CUDA (Tesls P100-SXM2-16GE)
> CUDA (Tesls P100-SXM2-16GE) o 5
> CUDA (Tesls P100-SXM2-16GE) el sl =

S B4 L 5 4 A EREE LA L LA EREE RN RN ik R ki LA RN R

A R




NSIGHT SYSTEMS

OS runtime trace

w [ 7] [12363] Im -
05 runtime libraries
MVTX
CUDA APL

v [ [12364) Im -
05 runtime: libraries
MVTX
CUDA APL

v [ [12366] Im -
05 runtime libraries
MVTX
CUDA API

v [ [12357] Im =

MPD_TIMESTEP [760. 124 ps]

MPD_SYNCHRONIZE [548.501 ps]

pthread_mutex_lock

pthread_mutex_lock

= o o o o o i = =

B Waiting
Duration: 6.818 ps

Call stack at 3.438s:
libpthread-2.23.s0!_pthread mutex_lock
libcuda.s0.284.81!10x7fa6033595f6
libcuda.s0.284.81!10x7fab03359628
libcuda.s0.284.81!0x7fab0326b825
libcuda.so.284.81!0x7fab0226c958

libcuda.so.3 84.81lcuMemcpyAsync
libcudart.s0.9.0.176!0x7fa613dfddfd
libcudart.s0.9.0.176!0x7fa619dda573
libcudart.s0.9.0.17 6/ cudaMemcpyAsync
Im!ZDhultiGPUMzpper-schedule_send(...)
Imlirmzrdme-MGPUMpd rorun_next_timestep(...)
Imlirnzrdme-MGPUNMpdRdmeSchver-run_thread(...)
libpthread-2.23.so!start_thread
libc-2.23 50! __clone

STEP [766.412 ps]

MPD_SYNCHRONMIZE [471.450 pis]

MESTEP [730.510 ps]

MPD_SYNCHR.ONIZE [483.652 ps]

cudaStreamSynchronize
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GPU API launch to HW workload correlation

3s +209.8ms  +209.85ms +209.9ms +209,95ms +210ms +210,05ms +210. ims +210, 15ms +210.2ms +210,25ms +210.3ms

CPU (80)

[413] python

£

I
Lol
Fed

Q5 runtime libraries pthre...
CUDA AP cuMemcpyHtoDAsync | [:J m l .
v CUDA (Tesla P100-5XM2-16GE, 0... 1 1

 Stream 70
Mermory

“ Kernels

[ split_v_kernel

69 <ANVIDIA.
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CUDA 10 Graphs - all related GPU ranges

0s +535ms +5940ms +545ms +550ms

CPU (12)

“  Threads (8)
W [6091] simpleCudaGrap =~

CUDA AFI i cudaGraphLaunch
Profiler overhead
7 threads hidden...

W CUDA (Quadro PE00)
w  Stream 15

Kernels
Mernary
W Stream 16

Kernels

e W

Memory
w  Siream 17

W Memory

( Memcpy |

HioD memcpy

/0 <aNVIDIA.



TRANSITIONING TO PROFILE A KERNEL

Dive into kernel analysis

= Timeline View -

s +33.65

™ CPU (8)

HWcruo

CPU1l
M cruz
Wcrus
Hcrua
M crus
BWcrue

Wcru7

* Threads (14)

+ [29505] torch-playback

* NVTX

* [Default domain]

cuDNN [6.301ms]

¥ CUDNN

1] Eudn... 1
CUDA Runtime APl 'u|a
CUDA Driver AP
OpenGL API (4.5.0 NVIDI...

cudnnConvol...

cudn... | cudnn....

)

Forward [5.669ms]

i || (EedRnCenvolibanBasAetvat) || |11

(G eudstsunce )

OpenGL GPU work IDC

||glClea (= ngindFramehuﬂ‘er)

13t 2ads 10e
¥ CUDA (GeForce GTX 1060)
* Default Stream
* Memory
HtoD memcpy
AtoD memcpy
DtoD memcpy
~ Kernels
* computeOffsetsKernel
cudnn:maxwell::gem...
b maxwell_fpl6_scudnn_...
* add_tensor_kernel_v3 [ ] [ ]

void add_tensor_kern...

pooaling_fw_4d_kemel

===t --nvolve_sd

) Re-run process and analyze highlighted kernel

Undo Zoom (158)
Reset Zoom

Backspace

71 <ANVIDIA.
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NSlGHT COMPUTE All Data on

Profile Report - Details Page Single Page

= GPU Speed Of Light

% S0L SM 17_84 | Duration (Nanoseconds) T70%,058_00
% SOL TEX 17.84 |Elapsed Cycles 1,761,844.00
% S0L L2 15_08 | 8M Frequency (Hz) 1,242,887,061_11
% 5CL FB 87.594 |Memory Frequency (Hz) 2,455,503, 565,30
Recommendations
Bottleneck Simple GPU botteneck detection. | Apply |
GPU Utilization

B Current
. 20,0 30.0 40.0 50.0 80,0 0.0 80.0 90,0 100.0
Focused Sections oo Umnton

» Compute Workload Analysis

Executed Ipc Elapsed 0.71|% SM Busy 17.84
Executed Ipc Actiwve 0.72|% Issue Slots Buay 11_54
Issued Ipc Actiwve a.72

} Memory Workload Analysis
Memory Throughput (bytes/fs) 70,335,550,8%98_10|% Mem Busay 87_.54
% Ll Hit Rate 0.00|% Max Bandwidth 87.54
% LZ Hit Bate 33_.34 | % Mem Pipes Busay 17_50

» Scheduler Statistics
Zeotive Warps Per Scheduler 132.20 | Instructions Per Zctive Issue S5lot 1.04
Eligikle Warps Per Scheduler 0.25|% No Eligikle
Issued Warps Per Scheduler 0.18|% Cne or More Elig

P Warp State Statistics

| n | Ordered from Top-Level to
Cycles Per Issue Slot 76:02 Pﬁrg: Not Dredicate LOW- Level

Cycles Per Executed Instruction TZ2_87

J‘NIDIA.



Section Header NSIGHT COMPUTE

provides overview &

context for other sections Section Exam ple

¥ Warp State Statistics

Zvg. Active Threads Per Warp 32.00
Bwg. Mot Predicated Off Threads Per Warp 30_87

Cycles Per Issued Imstruction T2.8%6
Cycles Per Issue Slot Te_02
Cycles Per Executed Instruction TZ.87

Warp State In Cycles

CPI Stall Mot Selected [J
CPI 5tall Instruction Fetch [l
CFI Stall Constant Miss |

CF1I Stall Execution Dependency -

CPI Stall Memory Throttle I

cPL stall Memary Dependency [, @ Current

CPI 5tall Synchronization |

Warp States

CPI 5tall Pipe Busy |
o1t oter I Section Body
cP1selectd [l provides additional

e o0 Croles al  details (tables & charts)

Section Config

completely data driven
add/modify/change sections 74 SINVIDIA.
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Unguided Analysis / Rules System

Analysis Rules

. 17_.84 | Duration (Nanoseconds) 70%,05&8_00
recommendations from 17_.84 |Elapsed Cycles 1,761, E44.00
15_08|8M F (Hz) 1,24z, 387,061_11

nvvp and more Feauency (R 1o2e
87.94 ([Memory Freguency (Hz) 2,455, ,503,565.30

Recommendations

k [Warning] Memary is more heavily utilized than Compute: Look at “Memaory Workload Analysis™ report section to see where the memory system bottleneck is. Check memory replay (coalescing) metrics to make sure you're

/. Bottlenec effidently utiizing the bytes transferred. Also consider whether it is possible to do more work per memory access (kernel fusion) or whether there are values you can recompute.

G U Uia o

@ Current

0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 0.0 100.0
% Utilization

Rules Config

completely data driven
add/modify/change rules 76 <INVIDIA.
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Diffing kernel runs

Baseline

from any previous profile report
(different kernel, gpu, ...)

Metric delta

Y
* GPU Speed C |
% S0L SM current Values and Changes (+318_69%) | Duration (Nanoseconds) 130,208.00 (-76.03%)
% S0L TEX f b l {+39.56%) | Elapsed Cycles 470,600.00 (-76.12%)
% S0L L2 rom baseline (+4_81%) | SM Freguency (Hz) 1,237,066,730.04  (-0.37%)
% 50L FB (+1.36%) | Memory Frequency (Hz) 2,499,327,052.45  (-0.02%)
Recommendations
Bottleneck Simple GPU bottleneck detection. | Apply |
GPU Utilization
N ——
@ Current
0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 100.0
%o Utilization

117

Chart difference 0.1 (+315.85%) |% SM Busy 18.23 (+318.69%)
0.81 (+321_96%) |% Issue Slots Busy 10_25 (+321_96%)
current values and A

basel]ne Values &%, 557, 705 248_5%9 (+1.33%) | % Mem Busy 8e_57 (+1_38%)
: Jate 100.00 (+0.00%) | ® Max Bandwidth 86.37 (+1.36%)
% LZ Hit Bate 33_34 (+0_.02%) | % Mem Pipes Busy 18_43 (+321_968%)

» Scheduler Statistics
Active Warps Per Scheduler 13.83 (+1.73%) | Instructions Per RActive Issue Slot 1.11 (+0.00%)
Eligikle Warps Per Scheduler 0.17 (+383_.47%) |% No Eligible ge_0&8 (-11_.00%)
Issued Warps Per Scheduler 0.15 (+322.90%) |% One or More Eligikle 13.92 (+32Z.390%)

} Warp State Statistics
Cycles Per Issued Inmstruction 89_24 (—75_.95%) | Avg. Active Threads Per Warp 32_00 (+0_00%)

Cycles Per Issue Slot 9%.14 (-75.99%) |Avg. Hot Predicated Off Threads Per Warp 30.40 (+0.00%) o
<=z NVIDIA.



CUDA 10 Graphs su

@ MVIDIA Nsight Compute

SIGHT COMPUTE

port

File Connection Debug Profle Tools Window Help

= &= Disconnect X Terminate {‘ 2’5‘ -o
API Stream
11688 > MEMSET N:3[SRC] G:2->1[SF = Next API Cal
MNext Trigger: |Enter regex...
D APl Marme Details

TV W [ OO [ I T T T o T
H 1) KERNEL N:3[SRC] G:@-»>@[S- hello world
: 59| HOST N:8[SRC] G:@-3B[SRC]
H 68 MEMSET N:28[SRC] G:8->3[—
H Bl MEMSET M:27[SRC] G:@-»3[—

62 KERNEL N:29[SRC] G:@->3[_ hello_world

: 63 HOST N:33[SRC] G:@-»3[SA_

B &4 KERMEL N:38[SRC] G:8->3[_ hello_world
65|  MEMCPY N:32[SRC] G:e->3[_

B B6 KERNEL N:34[SRC] G:8-»3[_ hello_world

H &7 KERMEL N:31[SRC] G:@->3[_ hello_world

68| HOST N:35[SRC] G:@->3[SR_
: 63 EMPTY N:37[SRC] G:@->8[5_
7@ cueraphLaunch
H 71 MEMSET N:18[SRC] G:2-»1[-
=Y 72| MEMSET N:9[SRC] G:2->1[5_

Graph Modes T | Export to GraphViz
ID ~ GraphID API Call ID ClgraphNode
e @ 28 ex197ebcdeces
1 29 x1978c592378
2 -] EL:) ex137ecsafile
3 [} 31 @x1978c5ale3e
4 -] 32 8x1378c534378
5 e 233 @x1978ctacene
5 El 35 @x1978c5a63a8
7 -] 36 @x1378csaiece
8 (] 38 @x1978c5a81ce
9 1 39 @x1978c5a38de
12 1 39 @x1978c5asbda
11 1 39 ex197ecsazede
12 1 39 @x1978c5ad1ed
13 1 29 ex1978c5ad4ed
14 1 39 @x1a78c5ad7ed
15 1 39 @x1378c5adacs
16 1 29 ex1978ct9e3se
17 1 39 @x1978C598658
27 3 41 @x1978c501668
28 3 41 @x1978c5ha168

API Statistics MNVTX Resources

Type

MEMSET
KERNEL
KERNEL
KERMEL
MEMCPY
HOST

MEMSET
KERNEL
HOST

MEMSET
MEMSET
KERMEL
KERNEL
KERNEL
MEMCPY
HOST

KERNEL
HOST

MEMSET
MEMSET

npiGec
v | Bl
Func Return

Func name
helle_world

helle_world
helle_world

helle_world

helle_world
helle_world
helle_world

helle_world

= Export to CSV

Func Parameter
e

B e T

e e
grid: 1 x 1 x 1, bleck: 1 x 1 x 1, shareddemBytes: @
func: ex7ffesfielzse, arg: exe

dst: exbeseeeeee, pitch: @, val: @, elementsiz

1, dim: 14 x 1

dst: exbec4sesee, pitch: @, val: @, elementSize: 1, dim: 14 x 1

grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedvMemBytes: @&
func: ex7ffe3fiel28@, arg: exe
grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedMemBytes: @

Device @xbes4seess[e,2,8] LOD: @ pitch: @ height: @ -> Host

grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedMemBytes: @
grid: 1 x 1 x 1, bleck: 1 x 1 x 1, sharedvemBytes: e
func: ex7ffe3fie128@, arg: exe

i

(ex197@c585b98, @x1978C587460)

@x59cafdfrsele,e,e] LoD: @ pitch: @ height: @, dim: 14 x 1 x 1

dst: exbec4peeee, pitch: @, val: @, elementSize: 1, dim: 14 x 1
dst: exbecceesee, pitch: @, val: @, elementSize: 1, dim: 14 x 1

#Dependencies  Dependencies 2 Dependent  Dependent

2 2 1, 5
1 e 3 2,4, 7
1 1 1 3
1 2 2

1 1 1 8
1 [ 1 ]
) 2

1 1 1 8
3 4,5, 7 2 36, 37
B} )

a 2 11, 15
1 18 3 12, 14, 16
1 11 1 13
1 12 ]

1 1 1 17
1 18 1 17
1 11 1 17
3 14, 15, 16 2

a 2 29, 33
2 )

Parameters
dst: exbecsseeee, pitch: e, val: o, elementsize: 1, dim: 14
grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedMemBytes: 8

grid: 1 x 1 ®x 1, block: 1 x 1 x 1, sharedMemBytes: @

grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedmemBytes: @
Device exbecspeoee[e,8,8] LOD: @ pitch: @ height: @ -» Host
func: ex7ffeaf2ei2se, arg: oxe

dst: exbeceeeees, pitch: @, val: @, elementSize: 1, dim: 14
grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedMemBytes: @

func: ex7ffeaf2eizse, arg: exe

dst: exbeceeeees, pitch: @, val: @, elementSize: 1, dim: 14
dst: exbec4peped, pitch: @, val: @, elementSize: 1, dim: 14
grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedmemBytes: @

grid: 1 x 1 x 1, block: 1 x 1 x 1, sharedMemBytes: 8

grid: 1 x 1 x 1, block: 1 ®x 1 x 1, shareddMemBytes: @
Device exbecsseese[e,2,8] LOD: @ pitch: @ height: @ -> wHost
func: ex7ffeaf2e12se, arg: exe

grid: 1 x 1 % 1, block: 1 x 1 x 1, sharedMemBytes: @

func: ex7ffeaf2e12se, arg: exe

dst: exbec4pepes, pitch: @, val: @, elementSiz
dst: exbecceeeee, pitch: e, val: @, elementsiz

: 1, dim: 14
14

Bx59

x1
x1

exs9_

x1
x1
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CUDA 10 Graphs export

graph_3 graph_0 graph_1
29 28 7 0 11 10
MEMSET MEMSET MEMSET MEMSET MEMSET MEMSET

N

34

5

33
MEMCPY

35

hello world

15

MEMCPY hello_world MEMCPY

18
HOST

37
araph 3

\

e e e e e em o em e e e Em e e e e e e e e e e e e e = = = = = e )
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